In the past years, an increasing number of structures have been equipped with permanent monitoring systems, able to record the structural response in terms of displacements and strains over very long periods of time, and theoretically, for the entire life of the structure (Structural Health Monitoring). Despite the high number of applications, to date, very few studies have been presented aimed at interpreting the data, in particular, when the spatial and behavioral complexity of the structure under investigation requires a non-model-based approach. This article shows that the interpretation of data from a long-term static monitoring can be very helpful for the comprehension of the structural behavior under complex interaction structure-environment. The discussion aims at underlining that a scheduled and unique procedure is very hard to define depending on the great variety of structures and applications and on the right identification of the parameters able to explain structural degradation evolutions or sudden changes. In these cases, a multi-step algorithm with different signal processing techniques applied in cascade seems to be the only reliable approach. The proposed procedure will be carried out using available data from the long-term monitoring of a quay wall in the Port of Genoa, in Italy, but it can be generalized to several structures under cyclic environmental loading (tides, temperature, etc.). The characterization of the structural behavior under temperature variations will be used here to define the representative features of the quay. Once defined, these parameters will provide a means for detecting and localizing the insurgence of damage or material degradation from the measurements.
Introduction
The economical effort of building, replacing, or retrofitting infrastructures is becoming more and more important in industrialized countries, where the existing infrastructure stock is subjected to aging and obsolescence. For example, the majority of the transportation infrastructures existing in Europe and in the United States have been built from the 1950s to the 1970s, when features of the traffic intensity and loads were significantly different from the current features and when some of the phenomena related to material degradation were not fully discovered or understood. [1] [2] [3] Moreover, the problem is not confined to transportation infrastructures, but also includes other types of infrastructures like energy production and distribution systems, water supplies and wastewater treatment plants, communication facilities, schools, hospitals, homeland defense, harbor installations, etc.
For special classes of structures or for specific environmental situations, models used in design practices may not cover the wide range of problems that need to be solved when assessing the safety conditions of the structure as built. This is, particularly, true for large structures in aggressive environments, like bridges in coastal or mountain areas and marine structures, 4 or in the case of prevention of pollution loads discharged from distribution networks. 5 In all these cases, observation of the structural behavior and/or of the environmental parameters with an adequate monitoring system can cover the gap between the reality and the theoretical models that have been developed for the design to obtain a picture of the structural state and evolution.
The continuous development in sensor technology and data acquisition systems makes possible the realization of complex permanent instrumental monitoring systems; they are able to monitor the most significant parameters of structural response under external loads and environmental conditions, enabling, in principle, a continuous evaluation of the actual safety conditions of such structures and finally a data-based reliability analysis. 6 Through these large-scale monitoring projects, a considerable amount of data can be available, so that data analysis and interpretation play a very important role in structural health monitoring (SHM) research.
Thanks to these recent technologies, the field of continuous monitoring is facing the research community since the last years, while the periodic monitoring of dynamic parameters has been largely investigated in the past. 7 Usually, the measured structural features are used to construct a mechanical model that is later updated using monitoring data. The mechanical model can be used for: (a) reliability analysis and/or (b) damage identification. Recently, the integration of the reliability analysis with the long-term SHM has been attempted [8] [9] [10] [11] and improved by including the uncertainty propagation in the assessment process. 12, 13 On the other hand, the mechanical model is very useful also to extract the structural features (static or dynamic) that are sensitive to damage or material degradation. For example, regarding the inverse problem of detecting a single open crack in an elastic straight beam in bending, dynamic identification techniques provide explicit expressions for the position and the severity of the crack; by the way, the methodology is valid only for small damages and for initially uniform beams under special boundary conditions (pinnedpinned, sliding-sliding).
14 Other models reconsider the inverse problem of detecting a single crack in an elastic straight beam in bending from static measurements to provide explicit expressions for its position and its severity, which represent the exact solutions of the inverse problem. 15 However, these are above all theoretical approaches, because the meaning of data from a real monitoring is usually not clearly associated to any mechanical model of structural response, due to the particularity of the instrumented structures and their boundary conditions and loads.
Recent literature 16 has put into evidence that theoretical and lab knowledge needs to be transferred to real structures to control static or dynamic parameters during in-service conditions. In particular, for large structural systems interacting with their environment, safety and operability of the system depend on phenomena involving not only structural behavior, but also coupled structure-environment responses. Moreover, due to the inherent geometrical and physical complexities of the problem, model-based diagnosis can be seldom invoked, and translation of measurement data into valuable information shall be based mostly on engineering judgment and on mathematical processing of the instrumentation signals. In addition, when monitoring systems are installed not at the beginning of the life-cycle of the structure but at a later stage (repair for instance), major modifications of the structural system may have occurred because of the effect of loads and other external causes, or because of human intervention. This aspect has a great influence on data analysis and interpretation, because of the greater role that uncertainties do play in this case. 17 The automatic detection of damages from continuous static monitoring is still a challenge. The measured quantities during continuous monitoring are typically displacements or strains under operational and environmental loads. Practitioners have difficulties in choosing the best data processing approach for each application. Scientifically, the most successful methods are not yet identified, even though a great number of signal processing algorithms have been investigated. Moyo and Brownjohn 18 proposed the detection of anomalous structural behavior using discrete wavelet analysis. Experimental studies on structural damage identification based on wavelet packet transform have been done with good results. [19] [20] [21] In SHM, one of the most common model-free methods for damage detection is based on autoregressive analysis. In their general version, these methodologies consist of expression of a time series as a linear function of its past values and the past values of exogenous variables. The estimation of the parameters is done continuously and damages are normally discovered if a significant variation in the parameters appears. [22] [23] [24] [25] [26] [27] The linear regression method has also attracted a notable interest because of its simplicity and wide applicability. However, this methodology may be prone to a harmful affect in case where data are used with outliers, a common problem observed during real monitoring. Outliers' accommodation methods are well known by robust methods, where robustness is given by statistical procedures insensitive to outliers. In this framework, robust regression analysis has been proposed and applied in the field of structural monitoring. [28] [29] [30] The Correlation Anomaly Scores Analysis has been proposed for change analysis of correlated multi-sensor systems using a neighborhood preservation principle. 31 The goal of change analysis is to compute the anomaly score of each sensor when it is known that the system has some potential difference from a reference state. If the system is working normally, the neighborhood graph of each sensor (defined using the correlation between sensor measurements) is almost invariant against the fluctuations of experimental conditions. Deraemaeker et al. 32 presented a complex methodology for damage detection under changing environmental conditions. The effects of environment are treated using factor analysis and damage is detected using statistical process control with the multi-variate Shewhart-T control charts. Posenato et al. 33 proposed a methodology based on moving principal component analysis (MPCA); a comparative study with other signal processing algorithms has shown that for quasi-static monitoring of civil structures, the proposed methodology performs better than wavelet methods, Short Term Fourier Transform and Instance-Based Method, also in case of noise, outliers, data missing, and database with different sensor typologies. 34, 35 In the section 'The San Giorgio pier,' the discussion on the complexity of data processing will be carried on by means of available data from the real long-term monitoring of a quay wall in the Port of Genoa, Italy. 36 Section 'Strategy for data analysis' tries to give a generally valuable strategy for data processing through a multi-algorithm approach. Sections 'Classification of block behavior,' 'Damage-sensitive feature for blocks of type 1,' and 'Damage-sensitive feature for blocks of type 2' emphasize the preliminary steps aimed at understanding the mechanical response of such a complex structure under cyclic loads in terms of representative features of the quay. As a matter of fact, in the field of structures with a strong random behavior, it is necessary to develop a mechanicalprobabilistic model through available data from SHM. This can be relatively easy if the structure is subjected to cyclic actions because its random behavior can be identified using the information from loading cycles. In particular, in this article, focus will be placed on the monitoring of evolutionary phenomena, taking place in structures as a result of the interaction with environment and operational loads. 37 Due to the large amount of instrumented blocks, in this application, the statistical analysis has proved to be successful for the identification of the typical response features. The second part of the proposed multi-algorithm analysis will be aimed at giving information on the structural health conditions. Using the previously identified response parameters as deterioration-sensitive features, section 'Damage detection' presents the linear regression algorithm as an effective damage detection algorithm and applies it to the available data to successfully detect and localize the insurgence of damage or material degradation in the monitored quay.
The San Giorgio pier The monitoring program
The San Giorgio pier is used for coal import and it has been subjected to a retrofitting program to increase the water depth of the nearby basin. The facility has been built in the 1920s and the vertical walls delimiting the quays are made of heavy concrete blocks. Dredging has required strengthening of the wall: the structure has been underpinned with jet-grouting columns, and the blocks have been connected by means of vertical steel rods. Stability has been improved with permanent active tendons installed along the entire length of the pier. 38 The crown block of the San Giorgio pier was equipped in 1999 with an array of 67 SOFO fiberoptic strain sensors, 39 located in a service tunnel along the top blocks, in such a way to have 3 longitudinal sensors in 24 measuring sections, named measuring blocks in the following. The generic block cross-section (left) and the schematic longitudinal view (right) of the equipped pier are represented in Figure 1 . Each sensor has an active length of 10 m. The monitoring had the goal to detect possible distress caused by dredging activities in the adjacent basin and also to run a long-term health monitoring experience, as a first step of a larger project aimed at establishing a decision support system for maintenance operations of the Port facilities. 36 Acquisition campaigns were programmed four times a day to analyze the main variations of temperature during 24 h (by day and by night) and with greater reason, weekly and seasonal variations. The system was fully operational for 4 years (from November 1999 to October 2004), with the exception of some interruptions due to the maintenance on the system and other management reasons (Figure 2 ). This monitoring time is a common lifetime for operational systems near the sea. 37 
Understanding of mechanical behavior
In order to choose the best approach for data interpretation, it is useful to understand if the structure has a well-defined mechanical behavior and if damage mechanisms can be clearly described. The different layers of concrete blocks are linked each other, thanks to the gravity force. After the reinforcement works, the blocks should have a higher connection rate due to the distributed vertical steel rods. For these reasons, it can be supposed that the structure behaves as a monolithic structure, so that great displacements interesting the underwater layers are transferred to the superior layers until the crown block. Indeed, the installed monitoring system is able to measure the crown block displacements.
On the other hand, the crown block can itself experience small displacements induced by external temperature variations and sea level changes. The horizontal relative displacements between blocks are allowed, thanks to the presence of dilatation joints along the pier (Figure 1) . However, the conditions and the position of joints are unknown because most of them are completely filled by coal dusts and it is not clear if they behave properly as dilatation joints. In addition, the crown block should not be allowed to expand freely with thermal variations due to the continuous support of the lower block.
It can be concluded that the structure under investigation is strongly non-homogeneous due to the interaction between old structural elements and new strengthening elements. The structure is characterized by spatial and behavioral complexity and possible variations in the structural behavior or damages are expected to occur as a result of complex phenomena. The study of a reliable numerical model of the pier is very complex and it would require a lot of hypothesis and simplifications. Thus, data interpretation will have to resort to statistical algorithms for gathering some information on the structural behavior.
Strategy for data analysis Key factors
Fixed marine structures are primarily designed to withstand environmental and operational forces. The main phenomena in the marine environment able to produce changes in the structural response and loss of functionality can be:
. corrosion of steel and degradation of concrete and other materials; . crane movements and operations that can cause overloads on the quays; C8  C7  C6  C5  C4  C3  C2  C1  B8  B7  B6  B5  B4  B3  B2  B1  A8  A7 . interaction with sea actions, for example tide and wave actions; . moored ships, also in case of collision;
. interaction with environmental parameters, such as temperature, solar radiation, and wind.
Internal structures in a port environment, such as piers, docks, berths, dolphins, transportation facilities, and buildings, are not usually designed to withstand sea actions, because wave actions are absorbed by the protection facilities. In addition, tides are not a phenomenon of interest in the Mediterranean area and for this reason they have not been considered as a key factor for the San Giorgio pier analysis.
The relationship between the measured strains and the presence of the moored ship has been here investigated. It is also related to the crane operations for the goods uploading and downloading. No clear correlation with the moored ships has been identified ( Figures 3 and 4) .
On the contrary, the time histories of Figure 3 and the zoomed Figure 4 show that a strong correlation with thermal variations exists and the following analysis will be mainly focused on temperature actions.
Steps of the analysis
A multi-step algorithm is here proposed for a generally valuable data processing. The proposed algorithm cannot be completely independent of key factors analysis (section 'Key factors') and of the expert's judgment as it is completely data driven and some starting assumptions are necessary. The focus issue regards the choice of: (a) one or more reference measuring blocks and (b) a training period. The reference measuring blocks can be selected by observing the stability and the regularity of the measured variables during the monitoring period. The reference measuring blocks should be, as most as possible, stationary with time.
The training period is a time period that can be assumed as a reference period for comparison with further monitoring periods. When the parameter under observation has a cyclic trend, the training period should contain at least one complete cycle. As a consequence, the evaluation of the right training period depends on the governing load or action and on the corresponding periodicity of the measured variables; as in the case of San Giorgio pier, when cyclic loads, for example temperature variations, play the most important role, at least 1 year of observation is required to make the analysis independent of the seasonal variations, as it will be demonstrated in the section 'Measuring blocks of type 1'. The flow chart in Figure 5 suggests a sequence of signal analysis algorithms to be applied in cascade for the continuous monitoring of a structure with characteristics similar to the pier under study, and the information that can be drawn out without using any numerical structural model. This flow chart is representative of the processing steps performed for the San Giorgio pier and presented in the following sections. Three main steps are highlighted with bold type and listed on the right side of the flow chart: (1) classification of measuring blocks behavior, (2) identification of damage-sensitive features for the specific application, and (3) damage detection. A dashed rectangle groups the ensemble of the actions and tests to be performed for each step of the processing. The input data and the output results of the multi-algorithm flow chart are pointed out using a parallelogram.
Classification of block behavior (group 1 in Figure 5 )
The analysis has been focused on the first 2 years of measurements (Figure 2 ), because they are almost complete (only 603 data missing on a total of 3776 measurements). The measurement campaigns with some data missing have simply not been considered in the analysis and they are assumed not to alter the results. This assumption is rather consistent because data missing are not concentrated in the same period.
Two mechanical behaviors can be identified from the data:
. The behavior in the direction normal to the block cross-section mainly due to dilatation. It can be assumed that this behavior is homogeneous for all measuring blocks because sensors have the same orientation and position inside the blocks ( Figure 1) ; . The bending behavior of vertical (own weight and operational loads) and horizontal (operational loads) axes.
In addition, the presence of dilatation joints has come to light from strains time histories, but their position along the structure cannot be exactly determined. Figure 1 shows two possible positions of dilatation joints: the first one is crossing a measuring block (block type 2), while the second one is located between two monolithic measuring blocks (named block type 1).
The correlation indices between the time histories of strain and temperature have been studied as first step of the flow chart in Figure 5 . Time dependence of correlation indices ðt 0 , tÞ between strain sensors located in the same position along the quay (all sensors in location 1 for examples), between strain sensors in the same measuring block (sensors in locations 1-3 for each measuring block, Figure 1) , and between strain sensors and environmental temperature, are computed using the following formula:
where S a and S b are the vectors of time histories strainstrain or strain-temperature from t 0 (beginning of data acquisition) to time t, cov, a , and b the covariance and the standard deviations of the two time series, respectively. The variation with time of the correlation index has been computed using, for each instant time t, the vectors containing all the previous measurements. Two main classes of measuring blocks with the same structural behavior have been identified in function of the sign of the correlation index strain-temperature ( Figure 5 ):
. Type 1 -positive correlation indices between sensors in the same block and also with temperature that plays the most important role in the structural response (fair bending behavior, monolithic blocks like blocks type 1 of Figure 1 ). Thirteen measuring blocks belong to type 1 (classical beam blocks). . Type 2 -positive correlation indices between sensors in the same block but negative correlation indices with temperature (out-of-phase behavior). The temperature plays the most important role in the structural response, but this block contains a joint and it is not a monolithic block (for example, block type 2 of Figure 1 ). Six measuring blocks belong to type 2 (specific blocks with joint).
For each class, the expert analysis has to identify the measuring block to be used as reference by taking into account the stability of the correlation index all over the monitoring time. • STEP 3
• STEP 2
• STEP 1 Figure 5 . Flow chart of the data processing steps.
The analysis of the correlation index with time also allows the identification of two subclasses of measuring blocks:
. The second step of the analysis consists in defining damage-sensitive features for measuring blocks of types 1 and 2 and it will be detailed in sections 'Damagesensitive feature for blocks of type 1' and 'Damagesensitive feature for blocks of type 2.' The identified damage-sensitive features will be the sensitivity parameter and the joint opening, respectively, for measuring blocks of types 1 and 2.
Damage-sensitive feature for blocks of type 1
Computation of the sensitivity parameter (group 2 in Figure 5 , left)
The homogeneous dilatation of measuring blocks of type 1 can be computed in terms of the sensitivity of measured strain variations to temperature variations as follows:
where Á" is the strain variation between two time instants and Á " T the mean temperature variation at the same time instants. As the structural response is time delayed due to its great thermal inertia, at each time step, the current temperature has been computed as the mean value on the last six temperature measurements, corresponding to a period of 1 day and a half.
A detailed explanation of this choice can be found in Ref. 40 At the generic time i, the strain is computed as:
where L i is the current measured length of the sensor at time i and L 0 the initial length of sensors measurement base, in this case equal to 10 m for all sensors. A unique value of strain " " i (called actual strain in the following) has been used as representative of the global behavior of each measuring block; it has been considered as the true value of the axial strain and it is computed as the mean value from strains of all sensors contained in that measuring block at each measurement time. It has to be reminded that a measuring block contains only three longitudinal sensors. A filter has been applied to data to cut the temperature variations inducing strain variations lower than sensor sensitivity (2 mm m
À1
). Sensors with persistent measurement errors have been removed from the analysis. It is useful to underline that the ratio of malfunctioning sensors for harbor structures is generally included in the range 30-50%. 37 Several factors can explain this relatively large amount of malfunctioning sensors: connection to the structure (electrical continuity, waterproofness, etc.), malfunctioning of the sensor itself, and global electrical continuity.
Statistical analysis on the sensitivity parameter (group 2 in Figure 5 )
As previously mentioned (section 'Steps of the analysis'), a reference situation is needed, as the data processing is performed by means of statistical analysis on data supposed as representative of the normal structural behavior under service life. Usually, the parameters representative of structural behavior are extracted by all sensor measurements during the training period in which the structure is assumed to behave normally, under the hypothesis of a spatial stationarity of the random process representing the parameters under investigation. In this application, two measuring blocks during the whole monitoring period have been considered as reference blocks to also consider potential differences due to the spatial distribution of measuring blocks. For their regular trend with time, measuring blocks C8 and B2 have been a priori assumed to have a normal behavior during the whole monitoring period.
The amount of available data from the reference blocks is enough for performing a statistical analysis of the time distribution of the sensitivity parameter that is here considered as a random process indexed by the space at the measurement time. The stationarity of the random process with time has been verified by plotting the strain variation versus the temperature variation for each seasonal period (summer-winter) of the monitoring period; it can be observed that the strain variations are not related to the observation period ( Figure 6 ). As a consequence, measurements from the reference blocks allow us to conclude that the random process is stationary with time. The sensitivity parameter has been further analyzed as a random variable of a stationary process and its probability distribution has been investigated. The estimated values of the sensitivity are well described by the exponential distribution having mean value and standard deviation 3.07 mstrain C À1 for blocks of type 1 ( Figure 7 ). The sensitivity parameter has been also computed and plotted for measuring blocks of type 2 ( Figure 8 ). The different data trend shown by blocks of type 1 and blocks of type 2 confirms the trend observed in the correlation indices: blocks of type 1 have a positive correlation between strain and temperature, while for blocks of type 2 the correlation is negative. Also for blocks of type 2, the estimated values of the sensitivity are well described by the exponential distribution having mean value and standard deviation À1.80 mstrain C À1 (Figure 9 ). In a probabilistic framework, by considering the confidence intervals of a random variable exponentially distributed, the expected value of the sensitivity parameter for measuring blocks of type 1 is between 2.92 mstrain C
( S lower ð Þ ) and 3.26 mstrain C
( S upper ð Þ ) with a probability of 99%. The sensitivity parameter is considered to give a valid interpretation of the mechanical behavior of the pier. Indeed, the mean assessed value of the sensitivity parameter (between 2.9 and 3.3 mstrain C À1 ) is coherent but lower than the known dilatation coefficient in concrete structures (usually varying between 6 and 13 mstrain C À1 depending on the relative humidity and the aggregates). This is rightly related to the boundary conditions of the monitored crown block that is continuously supported by the lower blocks and linked to them by means of distributed vertical steel bars, so that it is not allowed to freely expand with thermal variations.
Characterization of thermal and second-order strains (group 2 in Figure 5 , left)
When a change in temperature occurs, the thermo-elastic strains can be written as:
where " thermal is the thermal strain in the linear theory and "
secondÀorder the residual strain due to non-linear effects with the temperature and other mechanical effects. The strain caused by a change in temperature from T 0 in the reference configuration (in this case the beginning of the monitoring) to T in the current configuration is called thermal strain and it can be expressed by the linear relation:
where is here the computed sensitivity parameter.
The probabilistic analysis on the sensitivity parameter (section 'Statistical analysis on the sensitivity parameter') allows the assessment of the range of variation of the thermal strains for the monolithic measuring blocks given by Equation (5). For each time i:
where S lower ð Þ and S upper ð Þ are, respectively, the lower and the upper values of the sensitivity parameter associated with a probability of 99%. Consequently, it is possible to remove (filtering, Figure 5 ), from the strain time histories (Equation (4)), the variations due to temperature that sometimes can induce strong variations wrongly interpreted as anomalous behaviors. In this analysis, the estimated mean value of the sensitivity parameter has been used:
Figures 10 and 11 show the total strain and the second-order strain after removing thermal strain for block C8 (reference measuring block) and for a generic measuring block. The plots show that the second-order strains are smoother than the total ones in particular during the summer, when higher temperature variations induce greater strains. However, the second-order strains still have a cyclic and periodic behavior, probably because of secondary nonlinear effects of thermal strains with temperature variations. For their periodicity, the obtained second-order strains can be well fitted by a Fourier series, assessed by considering the data contained in the first year of measurements. The Fourier fitting, associated with its confidence intervals at 99%, also allows the validation of the classification of blocks behavior already performed with the correlation analysis in section 'Classification of block behavior' ( Figure 5) . Furthermore, the Fourier fitting gives a clearer Damage-sensitive feature for blocks of type 2 Characterization of dilatation joints (group 2 in Figure 5 , right)
For measuring blocks of type 2, another parameter able to describe the mechanical behavior is the variation in the joint opening Ál j under temperature variations. This parameter can be estimated by knowing the strain measure in the block with joint (meas j ðtype2Þ ) and assuming that the two integer blocks across the joint (block 2 on the right of the joint and block 2 on the left of the joint, Figure 1 ) have the same behavior of the blocks without joints. Figure 12 reports a block of type 2 in the reference state (out-of-scale) that is used as a mechanical model for the block behavior's study. L 0 is the initial length of the block between two measurement points, in this case, 10 m. The two monolithic blocks across the joint have unknown length but the strain of the blocks of total length l Ã is supposed to be proportional to the strain measured in the reference measuring block of type 1; l 0 is the initial opening of the dilatation joint (unknown).
Let us now consider an increase in temperature starting from this initial configuration. The block of initial length L 0 will be subjected to a shortening ÁL (as observed from measurements of blocks of type 2), while the monolithic blocks of total length l Ã will increase their length of Ál Ã as a block of type 1. As a consequence, the opening of the dilatation joint will decrease of the quantity Ál j . These length variations satisfy the relation ÁL ¼ Ál j þ Ál Ã . For each measurement session j:
where
From the previous relations, and knowing that ÁL ¼ " type 2 ð Þ Á L 0 , it is possible to obtain the variation in the joint opening:
where meas j(type 2) is the current measurement (in mm) in a generic block of type 2. The term related to the initial opening of the joint can be neglected because l Ã ) l 0 and the relation can be simplified:
Ál j ffi meas j ðtype 2Þ À meas j ðtype 1Þ ð10Þ
Reliability analysis
The comparison of the computed joint opening variation for the six measuring blocks of type 2 is reported in Figure 13 . The plot shows that the joint opening trend is the same for all the considered blocks during the first monitoring period, with a divergence while increasing the time. The statistical analysis of the time distribution of the joint opening for the reference block B2 allows us to conclude that the joint opening variation can be also considered as a random variable of a stationary process with time (section 'Statistical analysis on the sensitivity parameter'). In this case, the estimated joint width values are well described by a bimodal distribution and a reliability analysis on the joint width can be performed ( Figure 5 ). To this purpose, two samples of data have been considered: the values registered during the summer (left) and the ones measured during the winter (right). The normal distribution is able to describe the distribution of the two samples well. Figure 14 shows the probability density function for measuring blocks of type 2. The probability that the measured joint opening is lower than the initial joint opening l 0 can be computed from the fitted density functions with the aim to obtain the failure probability of the pier due to an inadequate initial joint design (limit state). With reference to Figure 14 , the probability of failure can be computed as:
where the probability to have conditions like in winter or summer is related to the number of measurements in winter or summer in relation with the total number of measurements. Table 1 reports an example of the assessed failure probabilities related to different values of the initial joint opening l 0 .
Damage detection (group 3 in Figure 5 )
Different damage-sensitive features have been identified from previous analysis: for measuring blocks of type 1, second-order strains have been tested as sensitive damage features, while for measuring blocks of type 2, the joint opening has revealed to be a good damage indicator. The second-order strains have been used as they are not fully correlated to thermal variations and for this reason they are supposed to be more damage-sensitive than the total strains. Different damage detection algorithms have been proposed in literature with similar data. 41, 42 In this application, the linear regression analysis will be presented and successfully applied to detect the insurgence of anomalous behaviors in some measuring blocks. As regression analysis is a statistical tool for the investigation of relationships between variables, 43 it has been used to analyze the measuring block behavior along the pier. As demonstrated in sections 'Statistical analysis on the sensitivity parameter' and 'Reliability analysis,' the identified damage-sensitive features have been considered as random variables of a stationary process with time in reference blocks. The spatial stationarity is here assumed and the damagesensitive features in generic measuring blocks during the training period are considered as observations of the same random variables identified for reference blocks. Table 1 . Failure probability due to insufficient dilatation joint width
A regression analysis has been performed on the secondorder strain time histories by comparing the reference measuring block C8 with the other measuring blocks of type 1. The linear relationship between the reference block and the block under investigation is assessed during the reference period. The further observations of this latter block are forecasted using the linear relation previously assessed. The difference between the measured and the forecasted second-order strains (residual) gives some information on the persistency in time or on possible variations of the initial relationship. A threshold limit corresponding to a confidence interval of 99% has been evaluated taking into account the standard deviation of the residuals computed during the training period. Two different training periods have been compared: the first one considers 6 months of measurements and the second one contains the first year of measurements. The analyses have demonstrated that a training period containing at least the whole periodicity of the parameter under study (in this case the yearly cycle) is more reliable for damage detection purposes.
The plot in Figure 15 shows an example of damage detection results using the second-order strains as damage-sensitive parameter. The first subplot from the top shows the time histories of the reference measuring block (C8) and another generic block of type 1 under investigation (in this case measuring block B5).
The second subplot shows the relation between the two measuring blocks strains and the regression line assessed on the basis of a training period of 1 year, with the corresponding 99% confidence interval. The training period measurements are in black points while measurements after the training period are plotted in grey crosses. The third subplot shows the time history of the residuals (absolute value) between the measured second-order strain of the block under investigation and the assessed regression line, associated with the threshold corresponding to the 99% confidence intervals. Also, in this subplot, grey crosses represent the measurements after the training period. Two anomalous overcoming phenomena of the threshold in the residual time history can be observed after the reference period, but both can be interpreted as transitory occurrences because after that the residuals get stable with time again. It can be concluded that in this measuring block no significant variations have been observed during the monitoring time.
The analysis has been deepened using also the information from the correlation analysis (section 'Classification of block behavior'). In normal conditions, the correlation index between sensors in the reference measuring block C8 and sensors in a generic measuring block of type 1 should be stationary with time under the assumption of the spatial stationarity. However, when damage or degradation occurs, correlations between sensors can change. In order to follow the strains time evolution more effectively, a window (a subset of time series) containing only a fixed number of last measurements has been used. The original aspect of this method is that the correlation index is computed only for a moving window of constant size. This means that after each measurement session, the correlation is calculated only with the measurements inside a moving window of 1 year. The use of a moving window has the advantages that it guarantees stability of average values, ensures rapid damage identification, and reduces noise effects. Figures 16 and 17 show some examples of different sensor behaviors during the monitoring period.
Plots superimpose the time histories of the residuals computed from the previous linear regression analysis (black points) and the correlation index between the second-order strains of the same pair of sensors (green line on the secondary y-axis). The time histories comparison should allow a better interpretation of the spatial evolution phenomena interesting the structure. Figure 16 reports the behavior of sensor C42. The decrease in correlation index after September 2000 is also detected by the overcoming of the threshold in the residuals. The relationship between sensors is someway changed but no other evolution in time is observed from the residual time history; this is also confirmed by the trend of the correlation index that reaches a new constant value (starting from December 2001) after a transition period related to the periodicity of the mobile window method. In this case, the detected phenomenon can be interpreted as a transition toward a new stable configuration, different from the initial one. This means that a new threshold and a new training period based on the new trend should be defined for further measurements. Figure 17 illustrates a typical example of a progressive phenomenon observed in sensor A62. Around April 2001, the correlation index shows a decrease and at the same time the residuals overcome the threshold. Residuals remain over the limit for all the following measurements, showing also a divergence with time, and the correlation index does not reach a new stable value. Also in this case, the periodic trend in the correlation index is related to the mobile window procedure. The same algorithm of linear regression analysis described in the previous section has been applied to the joint opening time histories of the reference measuring block (B2) and of a generic block of type 2 under investigation. Also in this case, a training period of 1 year has been considered. Figure 18 shows the analysis performed for the measuring block B4 that puts into evidence a degradation initiation and a gradual progression of the detected event with time.
Conclusions
This article aimed at giving a general procedure for data interpretation from a continuous monitoring of complex structures. This kind of monitoring system is able to produce time-histories that have proved to be very useful for the comprehension of the structural behavior under complex interaction structure-environment. The interpretation of data from long-term static monitoring is generally faced on with different approaches, depending on the characteristics of the applications: model-based interpretation, statistical system identification, and signal processing methods for the recognition of typical response features. Some of the proposed techniques require the availability of sufficiently long and complete time-series of measurements, while the data obtained from real cases often present large incompleteness, related to system maintenance problems or malfunctioning due to various causes. In addition, if the structure has not a well-defined structural behavior and if possible variations in the structural behavior are expected to occur as a result of complex interaction phenomena, special algorithms and interpretation need to be applied. The discussion on the complexity of data processing has been carried on by means of available data from the real long-term monitoring of a quay wall in the Port of Genoa. This example wanted to put in evidence that an optimal and unique algorithm cannot be proposed depending on the variety of applications. A multialgorithm approach has been considered to be the best tool for understanding the structural behavior and for defining response features. This article emphasized the preliminary steps aimed at understanding the mechanical response of such a structure under operational and environmental loads. It has been discussed that the complex interaction with environmental temperature had to be taken into account too. This initial phase helped to identify typical response features that have been used for further analysis of damage identification. Due to the huge amount of instrumented blocks, in this application, the statistical analysis has proved to be successful. The extracted response features have been used as damage-sensitive parameters. Figure 18 . Time histories of joint opening, regression line, and residual associated to a training period of 1 year for a measuring block presenting degradation (B4).
The damage detection procedure has been performed using a training period during which the structure was supposed to be undamaged. Different training periods have been compared; results show that in real situations associated with high thermal variations, at least 1 year of monitoring is necessary before a damage detection procedure can be successfully applied. By the way, for harbor infrastructures, this can be considered a common lifetime if the monitoring system is installed during construction, because they undergo a long no exploitation period after construction while performing the secondary works of completion.
